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Introduction
Interest in explosive residue detection for military and civilian applications continues to fuel new research in this challenging area. Laser-induced breakdown spectroscopy (LIBS) is a promising approach for this problem because of its many advantages, including the ability to do standoff detection, the capability for real-time analysis of targets with no sample preparation, and the strong signal compared to other laser-based methods such as Raman spectroscopy and laser-induced fluorescence [1] . In LIBS, a pulsed laser is focused on the sample surface and ablates a small amount of material (typically nanograms or less) [2] . The atomization and ionization of the ablated material results in the formation of a laser-induced plasma that emits radiation characteristic of the ablated material. Depending on the laser energy and pulse duration, the laser-induced plasma can last hundreds of microseconds; during this time, chemical reactions occur in the plasma that can affect the emission spectrum [3] [4] [5] [6] [7] [8] [9] . For residue detection, the substrate material is often ablated by the laser as well, and the resulting matrix effects can alter the emission spectrum. A recent review described some of the challenges of quantitative LIBS because of matrix effects [10] , but even for qualitative applications such as material identification, matrix effects must be compensated for as they can significantly alter the spectroscopic signature of the material [9, [11] [12] [13] [14] [15] [16] .
Previous studies at the U.S. Army Research Laboratory (ARL) have primarily focused on the detection of explosive residues on a single type of substrate (aluminum [17] or painted surfaces [18] ). Other researchers, using either an aluminum substrate or sampling bulk explosive, have explored the effects of laser wavelength [19, 20] , pulse energy [6] , and atmospheric influence [4, 6] for explosive detection. More recently, we have investigated the effect of chemical reactions involving metal particles and the explosive cyclotrimethylenetrinitramine (RDX) in the laser-induced plasma on the LIBS signature [9] . In addition to matrix effects induced by the interaction of the laser with the metal substrate (affecting the amount of material ablated, plasma temperatures, electron densities, etc.), we demonstrated that differences in the plasma chemistry of RDX with the ablated metals significantly alters the LIBS spectra of RDX. While organic substrates such as painted surfaces present a challenge because of the presence of key emission features for the identification of explosives (C, H, N, O) in the spectra of the substrates themselves, the complex plasma chemistry that occurs with metallic substrates poses a unique challenge for the classification of explosive residues that has not previously been investigated. For this study, we developed partial least squares discriminant analysis (PLS-DA) [21] models in order to determine if the differences observed in the RDX spectra preclude successful classification of the explosive on different metal substrates.
Experimental Methods
The spectra analyzed in this paper were acquired for the previous study [9] . Briefly, the experimental setup consisted of two collinear Nd:YAG lasers (Continuum Surelite, 1064 nm, 420 mJ per laser) focused onto the sample surface with a 10 cm lens. A doublepulse laser system was used to both decrease atmospheric entrainment in the plasma and increase the signal-to-noise ratio of the relevant explosive emission features [22, 23] . The plasma emission was directed into a 400 μm fiber optic using a pierced mirror setup. An echelle spectrometer (Catalina Scientific EMU-65, resolution ∼31; 000 λ ∕FWHM) was paired with an electromagnetic CCD detector (Andor iXon, gain 2) to collect the LIBS spectra (∼200-1000 nm) under an argon flow with the following timing parameters: interpulse delay Δt 2 μs, gate width t int 50 μs, and gate delay t delay 1 μs.
Colleagues at ARL provided Class 1 (<850 μm particle diameter), military-grade RDX. A small quantity of RDX (∼mg) was applied to various metal surfaces and spread into a thin layer with a polytetrafluoroethylene tool. Although the amount of RDX adhered to the surfaces was not quantified, in all cases the substrate was visible through the layer of RDX. The substrates used for this experiment included high-purity metal foils obtained from SigmaAldrich: Al (99.999%), Cu (99.999%), Ni (99.98%), Sn (99.998%), and Ti (99.998%). Fifty single-shot spectra of RDX residue on each of the pure metal substrates were obtained. Spectra of RDX residue on various samples from our laboratory (unknown compositions representative of contaminated "realworld" substrates) and standard reference materials (SRMs) with precisely known minor constituents purchased from the National Institutes of Standards and Technology (NIST) were also acquired (20 each ).
An identical number of spectra from each of the blank metals were also recorded. All of the substrates were used as obtained, with no special cleaning procedure. Table 1 lists all the substrates studied.
Although several advanced chemometric techniques have been proven effective for the analysis of LIBS spectra, we have found that PLS-DA works particularly well for explosive residue detection [17] . The single-shot LIBS spectra were used as inputs for the PLS-DA models developed using the PLS_ Toolbox version 5.8.3 (Eigenvector Research, Inc.) running under MATLAB version 7.9 (Mathworks). It should be noted that the PLS-DA models calculated based on hundreds of broadband LIBS spectra (40,001 intensity channels each) could not be calculated with earlier versions of the MATLAB software, as these calculations are computationally expensive and require efficient algorithms for the relevant matrix operations. The full broadband spectra were normalized to a maximum spectral intensity equal to one and mean-centered prior to PLS-DA analysis. Input variable data sets consisting of selected emission intensities and ratios were autoscaled prior to analysis.
Results and Discussion
A. LIBS Spectra
The appearance of spectral features resulting from the RDX residue (e.g., C, CN, H, N, and O) on the high-purity substrates (Al, Cu, Ni, Sn, Ti) was easily observed, despite the presence of hundreds of emission lines due to the metal substrate and argon bath gas ( Figure 1 ). As described in the previous study [9] , however, the relative intensities of the emission features of RDX depend quite strongly on the properties of the substrate. For example, CN, which is formed primarily via the reaction of C and N 2 , has much weaker emission lines on the Ni substrate a The total number of single-shot spectra acquired, both with and without RDX, is listed in parentheses.
[ Fig. 1(c) ], despite similar RDX concentrations. Interference from strong Ti lines precludes the observation of CN on the Ti substrate [ Fig. 1(e) ]. In general, the spectra of the blank high-purity substrates show little evidence of organic residue contamination, and the presence of RDX on the substrate is readily apparent.
Spectra of RDX residue on the laboratory substrates (Ag, Au, In, Mg, Zn), on the other hand, are more difficult to distinguish from the blank substrates (Fig. 2) . The exact compositions of the laboratory substrates are not known, but they contain significant emission from C, H, N, and O. Although some surface contamination was possible, the organic signals from the blank substrates persisted even after several successive laser shots into the blank substrate. As with the high-purity substrates, the relative emission intensities due to the RDX residue vary from substrate to substrate. These substrates present a bigger challenge for a model designed to distinguish RDX residue from blank substrates due the emission from organic components in the metals. Figure 3 shows selected regions from the LIBS spectra from a series of Al-containing substrates. The various alloy and alumina (Al 2 O 3 ) substrates contain numerous emission lines from minor components not present in the high-purity Al sample. These substrates were chosen to test the ability of a model trained on the high-purity Al to identify primarily Al-containing samples. Similarly, selected regions of the other metal-alloy substrate spectra are shown in Fig. 4 . Clear differences between similar alloys and their high-purity analogues ( Fig. 1 ) can be observed in the LIBS spectra, presenting a good test for the robustness of PLS-DA models trained with spectral data from pure metal substrates with and without RDX.
B. RDX Full Spectra Model
In recent years there has been significant interest in LIBS for explosive residue detection at standoff distances [18, [23] [24] [25] [26] . We have previously demonstrated the strong dependence of the RDX residue LIBS spectra on the substrate material properties [9, 13, 18] . One approach to reducing the effect of the substrate would be to minimize the amount of substrate material entrained in the laser-induced plasma by selectively ablating the RDX. However, reducing the amount of ablated substrate by decreasing the laser pulse energy or choosing alternate laser wavelengths or pulse durations generally results in a significant decrease in signal-to-noise ratio for the LIBS spectra (reducing the limit of detection) and often adds to the complexity and cost for the experimental setup. Alternatively, we have been exploring the use of chemometric analysis methods such as PLS-DA to minimize spectral differences among similar samples of interest (e.g., RDX residue on different substrates) and emphasize the spectral differences between explosive and nonexplosive residues [13, 18] .
Previously we demonstrated the differences in the LIBS spectra of RDX resulting from the chemical reactions of RDX and metals in the laser-induced plasma [9] ; for this work, a PLS-DA model was developed using the entire broadband LIBS spectra as variable inputs in order to determine if the RDX residues on the different metal surfaces could be correctly classified together. Although using the full broadband spectra in the model may be counterintuitive for explosive residue classification (which depends on only a few specific emission features), we have previously shown that in many cases the broadband spectra provide a higher true positive rate (TPR) due to the complexity of the laser-material interaction [13, 18] . An 11-class model consisting of one RDX class and 10 classes of pure metals (Al, Cu, Ni, Sn, Ti, Au, Mg, Zn, In, and Ag) was developed with 300 single-shot spectra and 20 latent variables. The RDX class contained spectra of RDX residue on all 10 substrates; the latent variables were thus chosen by the model to describe the differences between RDX and the blank metal substrates rather than describing the spectral differences in the RDX residue on multiple substrates. The blank metals were assigned individual classes in the PLS-DA model to increase the robustness of the model toward identifying future test samples (generally, the more classes a PLS-DA model has, the more robust it becomes).
The variable importance in projection (VIP) scores calculated by the chemometric software show which variables (e.g., spectral wavelengths) contribute to each class in the model [27] . The higher the VIP score, the more the variable contributed to the classification by the model. A comparison of the VIP scores for the Au class in a pure metal model (consisting of 10 classes with spectra from the pure metal substrates only) and the RDX residue model shows that while the scores for the Au emission lines were very similar for the two models, in the pure metal model emission lines due to organic contaminants (e.g., C and H) contributed more strongly to the classification of the blank metal substrate (Fig. 5) . Because the RDX classification in the residue model depends strongly on the organic emission lines, the deemphasis of the weak organic signals from the blank substrates in the RDX residue model minimizes the incorrect classification of the blank substrates with the RDX residue (i.e., false positives).
The performance of the RDX residue model was tested using an additional 400 single-shot spectra from the 10 substrates with and without RDX; these spectra were not included in the training set used to develop the model. Table 2 shows the classification results obtained for the validation test set using a threshold for classification of 35% predicted probability (this threshold gave the best model performance based on cross-validation of the training set data). The model correctly classified 95.0% of the RDX test samples (true positives), with 5.5% false positives. The In substrate was the most problematic, resulting in only 80% true positives for RDX classification and 80% false positives (four out of five spectra). An examination of the spectra revealed that while the addition of RDX residue to most of the substrates resulted in a noticeable decrease in substrate emission lines, the spectra for the In substrate with and without RDX are nearly identical [ Fig. 2(c) ]. In this case, the plasma chemistry is less important than other matrix effects, such as the interaction of the laser with the metal [28] . A similar effect was observed with the Mg substrate [ Fig. 2(d) ], which resulted in 40% false positives. The reason for the 14% false positives on the Ni substrate is likely spectral interference in the N region [ Fig. 1(c) ].
In addition to correctly classifying with RDX in the model, 26.0% of the test spectra with RDX residue were also classified with the correct class corresponding to the metal substrate. For example, 100% of the RDX residue spectra on Mg classified with RDX, and 100% of those spectra also classified with Mg. Of the blank substrate test spectra, 99.5% were correctly classified with the corresponding metallic model class, with only 0.1% misclassification.
By using the full LIBS spectra as inputs to the PLS-DA model, classification of the RDX depends not only on emission features due to the RDX but also on substrate emission lines. Figure 6 shows the VIP scores for the RDX class in the PLS-DA model-they include numerous metal emission features. For example, the emission feature contributing most strongly to the RDX class is a relatively weak Ti I line at 521.970 nm. This feature has a signal-to-noise ratio of ∼10 in the spectra of the blank substrate and only ∼2 in the spectra of RDX residue on Ti; thus the presence or absence of the substrate line is used by the model as an indication of whether a residue is present. Although using the full LIBS spectra in the model typically results in better classification performance, the disadvantage for residue classification is that the classification of residues on other substrates outside the model can be significantly poorer [13] . In order to assess the ability of this model to classify RDX on other substrates, a second validation set consisting of 160 spectra acquired on aluminum alloys and 280 spectra acquired on other metal alloys was tested against the model.
The results of testing the second validation set against the RDX class in the model are shown in Table 3 . The spectra with a predicted probability above the 35% threshold were classified as RDX (or the corresponding model class). The overall TPR for the alloy test set was 87.9% with 37.5% false positives. Despite the differences between the Al alloys and the pure Al in the model, 91.3% of the test spectra of RDX residue on the Al alloys were correctly classified with the RDX in the model. For most explosive-detection applications, classification of the blank substrates is only important when they incorrectly classify with the RDX. The blank Al 2 O 3 substrate resulted in 100% false positives, partially because of the strong O emission lines (because O is one of the key indicators for the presence of RDX). The blank Al 2 O 3 also has a strong C emission line Similarly, the other metal alloy substrates with RDX residue mostly classified correctly (86.5%). However, 100% of the blank Zn 625 alloy spectra classified with the RDX. As with the In substrate, the Zn 625 substrate has strong C, H, N, and O emission features, and the spectra with and without the RDX are nearly indistinguishable. For the same reason, both brass alloys also classified significantly with RDX residue (100% and 90% for 1107 and 1110, respectively). Incorporating the spectra from the Al 2 O 3 and Zn 625 substrates (along with the other validation set data) into the model training set should improve the performance of the model for RDX residue classification.
C. RDX Intensity/Ratio Model
In addition to constructing a substrate-independent PLS-DA model, a second method for improving the classification of explosive residues, based on the use of intensities and ratios, has been extensively studied by our group [1, 17, 29] . In this approach, only the spectral features present in the LIBS spectra of the explosive residue are input into the chemometric model, along with their corresponding intensity ratios. Table 4 lists emission features observed in the spectra of RDX; there were many more emission lines observed in the broadband spectra, however only the strongest emission lines free from interfering metal lines (from the five high-purity metal substrates) were selected for inclusion in the model. For example, the (0-0) transition of CN at 388.34 nm is significantly blended with the Ti I line at 388.29 nm and was therefore not included. The emission intensities for the impurities (K, Na, Ca) were higher for RDX residue on the high-purity substrates (Al, Cu, Ni, Sn, Ti) than for the blank substrates but were higher for the blank laboratorygrade substrates (Ag, Au, In, Mg, Zn) than for the RDX residue. The Mg substrate has particularly strong C, H, N, and O emission compared to the metal emission lines [ Fig. 2(d) ]. The presence of the argon-bath gas minimizes the amount of O and N from the air in the plasma and provides a convenient way to normalize the emission spectra to decrease the effect of shot-to-shot variations and differing lasermaterial interactions. The background-corrected peak intensity of the emission lines in Table 4 were normalized to the peak intensity of the Ar line at 763.511 nm.
Compared to nonenergetic materials, most energetic materials contain higher concentrations of O and N than C and H; thus, explosive residues can be distinguished from nonenergetic materials based on the elemental ratios of those species. For this data set, a simple set of ratios was constructed based on each single-shot spectrum (C/H, C/N, C/O, C/CN, H/N, H/O, H/CN, N/O, N/CN, O/CN), although more complex ratios can be used to improve the classification for more practical models with multiple residues [29] . The emission lines shown in bold in Table 4 were used to calculate the ratios. The plasma excitation temperature was calculated based on the Ar lines at 750.387 and 751.465 nm with the Boltzmann two-line method [9] and used as a variable input as well, giving a total of 35 variables per spectrum.
An 11-class PLS-DA model (with the same classes as the full spectra model in Section 3.B) was constructed with the same spectra used to train the full spectra model; however, this time only the 35 variables described above were used as the inputs for the model. Twenty latent variables were selected to capture the variance in the training set. Figure 7 compares the VIP scores used to classify the RDX residue and one of the blank substrates (Al). The emission intensities of the C, H, N, and O are more influential for describing the RDX class, as expected, while the impurity intensities (Ca, Na, K) contribute fairly equally to both classes. The excitation temperatures more strongly influence the blank substrate classification because the substrates covered in RDX residue have similar temperatures [9] . The ratios are more important for the classification of the blank substrate in this model; the ratios would be essential for discriminating multiple similar organic residues in a more complex model [29] .
As before, the model was tested with a validation set consisting of spectra not used to train the model (Table 5 ). The use of specific emission intensities and ratios significantly improved the overall TPR (96.5%) and FPR (1.0%) for explosive classification; however, the correct classification of the blank substrates was significantly lower (91.0%). This result is entirely expected as no metal emission lines were used in the model. In general, for explosive residue detection, the only important question is whether the analyzed material is explosive or nonexplosive. The false positives for the blank Mg substrate are a result of the relatively strong C, H, N, and O emission present in some of the spectra.
The results from testing the second validation set of metal alloys against the intensity/ratio PLS-DA model are shown in Table 6 . Once again, using the specific intensities and ratios increased the TPR (88.9%) and decreased the FPR (30.7%). As with the first validation set, the classification of the metalalloy test spectra with the blank metal substrate classes is essentially meaningless as only the variables related to the RDX residue are considered by the model.
D. RDX Fusion Model
Although the TPRs for the models described in Sections 3.B and 3.C were quite high (95.0% and 96.5%, respectively) given the disparities in the RDX residue spectra on the different substrates, the relatively high FPRs (especially for the unknown substrates) would be unacceptable in an explosive detection application. A third approach to improving the classification of explosive residues based on fusing the two types of models (full spectra and selected intensities/ratios) has been demonstrated by our group for several varied data sets [13, 18, 29, 31] . Briefly, the probability that each test spectrum belongs to a particular class in the full spectra model is multiplied by the probability that the spectrum belongs to the same class in the intensity/ratio model. A new, lower threshold (e.g., 0.35 × 0.35 0.12) is chosen to determine class membership. In this way, only samples that register as positive for explosives in both models fall above the new threshold for classification. Receiver operating characteristic (ROC) curves were generated for each of the models by varying the threshold (Fig. 8) . A perfect explosives detector would have an ROC curve with a data point at 100% correct classification (or TPR) and 0% misclassification (or FPR). Figure 8 compares the results from testing of the two models described in Sections 3.B and 3.C; the ROC curves for the classification of the RDX residue in the validation set and in the alloy test set are shown for each model. In both cases, the fusion approach improves the ROC curve performance, although the improvement is much more significant for the alloy test set. The improvement in TPR and FPR achieved depends on the threshold selection (i.e., position on the ROC curve) and on the application requirements. With a threshold of 0.12, the TPR for the validation test set is 97.5% and the FPR is 1.0% for the fusion model (and the FPR for the alloy test set is decreased to 20.0%). If minimizing the number of false positives is most important, a higher threshold for classification can be selected at the expense of the TPR (e.g., a threshold of 0.56 gives a TPR of 86.0% and an FPR of 0.5% for the validation test set and an FPR of 12.5% for the alloy test set).
Conclusions
By down-selecting the full spectral data to those features pertaining to the RDX residue, we were able to improve the TPR (from 95.0% to 96.5%) and significantly reduce the FPR (from 5.5% to 1.0%). This outcome is in contrast to our earlier results, which showed an improvement in both TPR and FPR using full broadband spectra instead of intensities/ratios for residue classification on substrates included in the model [13, 18] . The biggest difference in the current study is the dramatic effect of the metallic substrates on the plasma chemistry of the ablated RDX residue and the subsequent effects on the LIBS spectra of the explosive residues. The fact that whether the full broadband spectra or selected intensities/ ratios provide the best residue classification depends on the substrate composition suggests that although the information in the two models may be highly correlated, individually neither type of model adequately captures all of the information available from the spectral signatures.
The FPRs for a second test set consisting of metal alloys, which cause distinct differences in the plasma chemistry of the ablated RDX residue not accounted for in the model, were unacceptably high for both types of models (>30%). The fusion model, which combines the probabilities obtained in the full spectra model and the intensity/ratio model, results in a modest improvement in the TPR (depending on Number of test spectra listed in parentheses. Fig. 8 . (Color online) ROC curves for the classification of the RDX residue (from the validation and alloy sets) using PLS-DA models based on full spectra, selected intensities/ratios, and fused probabilities. The points on the fusion ROC curves labeled A correspond to a threshold of 0.12, while the points labeled B correspond to a threshold of 0.56. the chosen threshold) and a significant reduction in the FPR, especially for the substrates not included in the model training sets (down to 20.0% with a threshold of 0.12 and 12.5% with a threshold of 0.56). This result is consistent with previous explosive residue studies [13, 18] .
Despite the distinct differences in the LIBS spectra of RDX residue on metallic substrates, we have shown that the RDX residues can be classified independent of substrate with a high degree of success. Although we do not claim that the limited models presented here would enable explosive residue detection in a realistic environment, together with our previous studies these results provide valuable insight into the best approaches for the development of explosive detection systems based on LIBS. Future improvements to the models presented here could consist of incorporating the validation set data (including the metal alloys) into the training set for the models, increasing the number of organic emission intensities selected, and creating more complex ratios. In addition, models containing a more varied set of substrates (e.g., organic and metallic) should be developed as clear differences in the chemometric results based on substrate type have been demonstrated.
